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II. M ODEL C ONSTRUCTION

Abstract— This paper reports the improvement of image
quality issue in the fusion of remote sensing images by minimizing an energy function. By gradient constraint term of the
energy function, the spatial information of the panchromatic
image was transferred to fused results. The spectral information
of multispectral image was preserved by importing a kernel
function to the data fitting term of the energy function. Visual
perception measurement and selected fusion metrics were
employed to evaluate the fusion performance. Experimental
results demonstrated the proposed method outperforms other
established image fusion techniques.

One purpose of the energy function is to preserve the spectral information of the multispectral image. This requirement
can be satisfied when a low resolution multispectral image is
close to the approximation of the kernel function convolution
of the fused result
M =H ∗R+η

where M is the intensity of the multispectral image. R is
the image fusion result and H is the kernel, which reflects
the complex factors between the multispectral image M and
the fusion result R. ∗ stands for the convolution operation.
η is produced by numerous factors including thermal effect,
sensor saturation, quantization errors and transmission errors,
which is presented as a normally distributed (Gaussian),
zero-mean random process [11]. In the above model, it is
impossible to estimate H and R, since only M is known.
Therefore, we need to establish connections between H, R
and M with Bayesian analysis in the following equation:

I. INTRODUCTION
Remote sensing imagery is important for traffic congestion
[1], traffic data collection [2], traffic monitoring [3] and
vehicle detection [4], etc. In remote sensing, it is beneficial
to have high spatial and spectral resolutions to obtain a
better description and interpretation of a scene. However,
typically, both high spatial and high spectral resolution
are not simultaneously available in a single image due to
commercial constraints. For example, panchromatic images
contains high spatial resolution but poor spectral resolution,
while multispectral images contains high spectral resolution
but have low spatial resolution.
Thus, a number of multiscale methods [5], [6], [7] have
been proposed to fuse panchromatic and multispectral images. The fusion methods implemented a point-wise fusion
of images, using the local information of the surrounding
neighborhood. However, the multiscale methods tend to
preserve more spectral information but ignore some spatial
information [8].
This paper offers a solution to ensure a sufficient integration of spatial details from panchromatic images with
gradient information. The multispectral image information
is preserved by using a kernel function method similar to an
image deblurring iterated process [9], [10].
The flowchart of the proposed algorithm is presented in
Figure 1. In the proposed algorithm, the color multispectral
image is transformed into the IHS color model. The intensity
component is selected as the primary fusion variable. The
method uses an energy minimization process solved by
iterated process derived from Bayesian analysis.

p(R, H|M ) ∝ p(M |R, H)p(R|H)p(H)

(2)

where p(M |R, H) represents likelihood and ∝ represents
the right term proportional to the left item since M is
known. The likelihood of a multispectral image given the
latent fusion image and the kernel is given in equation (1).
The additive noise in equation (1) is modeled as a set of
independent and identically distributed (i.i.d) noise random
variables for all pixels, each of which follows a Gaussian
distribution with zero mean and a standard deviation σ1 [11].
Thus, the condition probability p(M |R, H) is represented as:
p(M |R, H) = √

1



− 2σ1 2 kH∗R−M k2

N e

1

(3)

2πσ1

where N is the total pixels in the image.
If set the kernel has nothing to do with the image content,
we can model the fusion result independently of the Point
Spread Function (PSF) kernel, and rewrite the right side of
equation (2) as:
p(R, H|M ) ∝ p(M |R, H)p(R|H)p(H)
∝ p(M |R, H)p(R)p(H).

(4)

Herein, R and H must have some constraints in order to
estimate p(R, H|M ).
Another purpose of image fusion is to integrate highresolution panchromatic information into the fused image. To
accomplish this, we constrain the gradient of the fused result
to approximate the gradient of the panchromatic image S.
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Fig. 1.

Overview of the fusion algorithm.

minimized according to

Thus the gradient of the difference between the two images
is defined to follow a Gaussian distribution with zero mean
and standard deviation σ2 . The prior probability p(R) is:
p(R) = √

1
2πσ2

N e



− 2σ1 2 k∇(R−S)k2
2

,

E(R, H) = − log(p(R, H|M ))/2σ12
= −(log(p(M |R, H)) + log(p(R)) + log(p(H)))/2σ12
2

2

2

∝ kH ∗R−M k +λ1 k∇(R−S)k + λ2 k∇Hk + c

(5)

(7)

which originates from the prior gradient in image superresolution [12] and N is the total number of pixels in the
image S.
To achieve a better result, the kernel function is added as
the smoothness constraint. The prior smoothness penalizes
large gradients, and thus biases kernel values to approach the
values of their neighbors, whose gradient is near zero. The
distribution of the kernel gradient values is Gaussian with
zero mean and standard deviation σ3 , which is represented
by:


1
− 2σ1 2 k∇(H)k2
3
p(H) = √
e
.
(6)
N
2πσ3

where λ1 = σ12 /σ22 , λ2 = σ12 /σ32 and c is constant. Since
S is known, we can substitute R − S with Q and abuse
to replace the proportional relation as the equality, and the
Eq.(7) is changed to:
2

E(Q, H) = kH ∗ Q + H ∗ S − M k +
2

2

+ λ1 k∇(Q)k + λ2 k∇(H)k + c.

(8)

III. N UMERICAL SOLUTION
Although E(Q, H) is non-convex, E(·, H) (resp. E(Q, ·)) is
a convex function given H (resp. Q). With this property, we
can minimize equation (8) based on the Alternate Convex
Search (ACS) algorithm [13].
The iterative optimization process is illustrated by the
flowchart in Figure 2. In this procedure, the H update and
Q update are implemented as follows:

To estimate R and H, we turn the maximum a posteriori
(MAP) problem into an energy minimization one, where
the negative logarithm of the probability p(R, H|M ) is
265
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convergence

Q Update

Fig. 2.

E(F (H)) = kF (R) ◦ F (H) − F (M )k2 +
+ λ2 kF (∂x ) ◦ F (H)k2 + λ2 kF (∂y ) ◦ F (H)k2

Step 2 Using the value of H n+1 , we obtain the estimated
Qn+1 based on equation (14), where Qn and H n are the
n-th iterated step of Q and H.
The whole optimization process is summarized in Algorithm 1. The size of H is important for the fused result.
We employ a similar algorithm like the similar scale method
[14], [15] as presents in Figure 3 to estimate the size of H.
The correlation measure is selected as the similar metric in
Figure 3.

(9)

where R = Q + S, F denotes the Fourier transform, F (∂x )
and F (∂y ) are the Fourier transforms of the respective
differential operators, and ◦ denotes component-wise multiplication. According to Plancherel’s theorem, the sum of
the square of a function equals the sum of the square of its
∂E(H)
(H))
Fourier transform. There is the equation ∂E(F
∂F (H) = ∂H
for all possible values of H. Thus the first order optimality
condition is derived as:
∂E(F (H))
= F (R) ◦ (F (R) ◦ F (H) − F (M ))+
∂F (H)
(10)
+ λ2 (F (∂x ) ◦ F (∂x ) + λ2 F (∂y ) ◦ F (∂y )) ◦ F (H).

Algorithm 1: Image fusion algorithm
Input: The multispectral image M O, the size of the H
and the high-resolution image S
Output: The fused result R and R1
1 [M, M H, M S] = rgb2ihs(M O)
2 i=1
i
3 Q =M −S
4 while ∼ Stop criterion do
5
Computed H i based on equation (11) with
R = Qi + S
6
Computed Qi+1 based on equation (14) with
W = H i+1 ∗S − M
7
i=i+1

Then H is updated as follows:
+ λ2 F (∂x ) ◦ F (∂x ) + λ2 F (∂y ) ◦ F (∂y ))).

(11)

2. Q Update. Equation (8) can be rewritten to update H
in the frequency domain, but the unrelated terms with Q is
omitted instead. There is:
E(F (Q)) = kF (H) ◦ F (Q) + F (W )k2 +
+ λ1 kF (∂x ) ◦ F (Q)k2 + λ1 kF (∂y ) ◦ F (Q)k2

8

Remark. We set the stop criterion as kQi+1 − Qi k22 +
kH i+1 − H i k22 ≤ ε, where ε is a small positive number.
The proposed algorithm has three major advantages: (1)
This algorithm represents the integration of the detailed
information from the panchromatic image into the result
explicitly. (2) The spectral information is preserved to the
maximum extent by applying a PSF kernel. (3) Unlike
conventional methods, the proposed method implements a
global fusion rather than the fusion with local information.

+ λ1 (F (∂x ) ◦ F (∂x ) + F (∂y ) ◦ F (∂y )) ◦ F (Q).
Then Q is updated as follows:
+ λ1 F (∂x ) ◦ F (∂x ) + λ1 F (∂y ) ◦ F (∂y ))).

R1 = ihs2rgb(R, RM H, RM S)

(12)

where there is W = H∗S − M . The first order optimality
condition becomes:
∂E(F (Q))
= F (H) ◦ (F (H) ◦ F (Q) + F (W ))+
∂F (Q)
(13)

Q = F −1 (−F (H) ◦ F (W ) ./(F (H) ◦ F (H) +

No

Overview of the iterated step.

1. H Update. Equation (8) can be rewritten in the frequency
domain by discarding the unrelated terms with H as follows:

H = F −1 (F (R) ◦ F (M ) ./(F (R) ◦ F (R) +

Yes

(14)

IV. E XPERIMENTAL R ESULTS

Our optimization process is presented as follows.

To assess the performance of the proposed method,
multi-sensor images from QUICKBIRDS, Landsat-TM and
IKONOS were used in the experiments. For comparison, the
established, point-wise image fusion methods including the

Step 1 From the estimated Qn in the previous iteration, it
is straightforward to calculate the values of H n+1 based on
equation (11).
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The process is to select the size of H.

(

Additive Wavelet (AW) fusion algorithm [6], the ChooseMax Wavelet fusion algorithm (CMW) [5], and the Multiscale Fundamental Forms fusion algorithm (MFF) [7], were
all tested along with the proposed algorithm. To quantify
the performance, we use two metrics which is incorporated into different types [16], an information theory-based
M I(F ; A, B) [17] and a feature-based metric QAB/F [18]
are adopted. We introduce a spectral correlation measure [6]
and the properties of the inverse Laplace operator [19], [20]
to evaluate the amount of spectral information. This metric is
inverse Laplace spectral correlation (ILSC) [21] and defined
as follows
dM , ∆−1 R− ∆d
−1 Ri
h∆−1 M − ∆−1
(15)
ILSC(M,R) =
k∆−1 M kk∆−1 Rk
∆−1 (·) = F −1

F (·)(p, q)
p)
+ cos( 2π
2(cos( 2π
N
N q) − 2)

'1

Original image

Fig. 3.

The size of the matrix
corresponding to the
maximum similar metric
value is selected as the
size of the original
kernel matrix

)
Delete block effect
and preserve the
general information

Fig. 4. Top: The intensity of multispectral images M (left) and ∆−1 M
(right); Bottom: an enlarged portion from the above images.

TABLE I
Q UANTITATIVE COMPARISON OF M I(F ; A, B) AND QAB/F OF
QUICKBIRD IMAGES

(16)

Fusion Method
AW
CMW
MFF
Proposed method

c is the image
where h·, ·i presents the inner product and (·)
mean, (p, q) is a discrete Fourier sample point, and N is
the total pixels. As shown in Figure 4, ∆−1 eliminates the
pseudo-information, such as block effects while retaining
meaningful spectral information. Therefore, the ILSC is more
suitable for measuring the availability of the fused image. A
larger value of M I(F ; A, B), QAB/F , or ILSC indicates that
the fused image retains more information from the original
images.
Experimental results on the QUICKBIRD images are presented in Figure 5. The bottom line in Figure 5 demonstrates
that the proposed method better preserves edges and spectral
information. The corresponding metric values are given in
Table I and Table II. In terms of the selected metrics, the
proposed method achieves the best result.
Experimental results on the IKONOS images are presented
in Figure 6. Top and down of Figure 6 show the IKONOS
images. Middle of Figure 6 shows the fused images and
the corresponding enlarged part which are obtained by AW,
CMW, MFF and the proposed method. The four methods

M I(F ; A, B)
2.0558
1.7618
2.0093
2.1324

QAB/F
0.2755
0.3576
0.4075
0.5536

have achieved good results as shown in these figures. But our
method has better visual effect in blur elimination compared
with AW, CMW and MFF, which obtains better qualitatively
performance in detailed information through comparing the
enlarged image and Table III. Spectral information is also
maintained simultaneously, which supported by the visual
effect and correlation metric in Table IV.
Experimental results on the Landsat-TM and SPOT images
are presented in Figure 7. The bottom line in Figure 7
demonstrates that the proposed method obtains better visual
effect. The corresponding metric values are given in Table V
and Table VI. In terms of the selected metrics, the proposed
method obtains the best result.
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Fig. 6. Top: the input multispectral image from IKONOS; Middle: fused images using AW, CMW, MFF, and our proposed algorithm and the corresponding
enlarged section from each of the middle images; Bottom: the input detail for the IKONOS image.

Panchromatic
image

TABLE IV
Q UANTITATIVE COMPARISON OF ILSC OF IKONOS IMAGES
Fusion Method
AW
CMW
MFF
Proposed method

ILSC
(R channel)
0.9863
0.9967
0.9586
0.9975

ILSC
(G channel)
0.9864
0.9968
0.9521
0.9977

ILSC
(B channel)
0.9895
0.9975
0.9721
0.9980

Fig. 5. Top: the input multispectral image from QUICKBIRD (left) and
the input detail for the QUICKBIRD image (right); Middle: fused images
using AW, CMW, MFF, and our proposed algorithm; Bottom: corresponding
enlarged section from each of the middle images.
TABLE II
Q UANTITATIVE COMPARISON OF ILSC OF QUICKBIRD IMAGES
Fusion Method
AW
CMW
MFF
Proposed method

ILSC
(R channel)
0.9785
0.9878
0.9829
0.9886

ILSC
(G channel)
0.9589
0.9792
0.9616
0.9848

ILSC
(B channel)
0.9699
0.9834
0.9767
0.9856

Fig. 7. Top: the input multispectral image from Landsat-TM (left) and the
input detail for the SPOT image (right); Bottome: fused images using AW,
CMW, MFF, and our proposed algorithm.
TABLE V
Q UANTITATIVE COMPARISON OF M I(F ; A, B) AND QAB/F OF
L ANDSAT-TM AND SPOT IMAGES

TABLE III
Q UANTITATIVE COMPARISON OF M I(F ; A, B) AND QAB/F OF
IKONOS IMAGES
Fusion Method
AW
CMW
MFF
Proposed method

M I(F ; A, B)
1.5829
1.5452
1.5870
1.7061

QAB/F
0.4109
0.3491
0.3700
0.4239

Fusion Method
AW
CMW
MFF
Proposed method
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M I(F ; A, B)
2.2851
2.1054
2.3213
2.3430

QAB/F
0.3897
0.4159
0.4639
0.5359

TABLE VI
Q UANTITATIVE COMPARISON OF ILSC OF L ANDSAT-TM AND SPOT
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IMAGES

Fusion Method
AW
CMW
MFF
Proposed method

ILSC
(R channel)
0.9700
0.9821
0.9801
0.9844

ILSC
(G channel)
0.9744
0.9852
0.9833
0.9863

ILSC
(B channel)
0.9850
0.9913
0.9901
0.9915

V. CONCLUSIONS
In conclusion, this paper proposed a new technique for
remote sensing image fusion, in which an energy function based on Bayesian analysis was defined to optimize
the fusion performance. Experimental results showed that
this method can maintain high-frequency information from
panchromatic images and spectral information from multispectral images in remote sensing effectively.
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